An algorithm of solution of the Automatic Classification (AC for brevity) problem is set forth in the paper. In the AC problem, it is required to find one or several partitions, starting with the given pattern matrix or dissimilarity ∕ similarity matrix. The three-level scheme of the algorithm is suggested. At the internal level, the frequency minimax dichotomy algorithm is described. At the intermediate level, this algorithm is repeatedly used at alternations of divisive and agglomerative stages, which causes the construction of a classifications family. At the external level, several runs of the algorithm of the intermediate level are completed; thereafter among all the constructed classifications families the set of all the different classifications is selected. The latest set is taken as a set of all the solutions of the given AC problem. In many cases, this set of solutions can be significantly contracted (sometimes to one classification). The ratio of cardinality of the set of solutions to cardinality of the set of all the classifications found at the external level is taken as a measure of complexity of the initial AC problem.
Introduction
An experience in solving of various Automatic Classification (AC) problems, both model and real ones, demonstrates that among them simpler and more complicated problems can occur. In intuitively simple situations finding classifications do not cast any doubt, while in more complicated situations this is not the case. The causes might be different, for instance:
 classifications are not the unique ones;  the mere existence of classifications is not evident;  a classification is unique and intuitively clear but it is not clear how it can be found;  search of classifications in real dimensions leads to significant computational difficulties.
Other reasons can also determine the complexity of AC problems. However, these issues, despite of their practical and theoretical importance, are almost not considered in the literature, except for the analysis of computational complexity of some AC algorithms. Just the absence of the general formal notion of complexity of AC problems, as well as the absence of algorithms of their solutions that cope with problems of various complexity in the framework of one scheme, has initiated the present investigation.
The solution of an AC problem is understood as a family of classifications that includes all reasonable (in some sense) classifications. The complexity of a problem is determined in the construction of the above mentioned family. Generally, the subsequent choice of one or several classifications can be accomplished on a basis of additional data by specialists in the considered specific domain, i.e. beyond the framework of the initial AC problem. The corresponding multi-criteria problem is not considered in the paper; only some reasoning concerning the possible criteria are given. Yet frequently encountered situations, in which intuitively evident solution does exist, are briefly mentioned. Such solutions are selected based on the notions introduced in the paper.
The material is structured as follows. In section 2 the suggested algorithm of the family of classifications construction is briefly described.
Comments, examples and discussion concerning the material of section 2 are presented in section 3. The general formal definition of complexity of an AC problem is introduced in section 4. The results of application of the proposed algorithm for the solution of AC problem and calculation of its complexity to analysis of activity of the 2-nd, the 3-rd and the 4-th RF Dumas (Parliaments) are described in Section 5. In the Conclusion the further possibilities and directions of elaborating of the suggested approach are mentioned.
Algorithm of solution of AC problem
In this section the algorithm of solution of AC problem is described. As it was mentioned above, all the necessary explications and comments are given in section 3. In the described algorithm initial data about objects' proximity are presented in the well-known form of dissimilarity matrix. This means that all the objects are ordered by indices from 1 to N and for two arbitrary indices i and j numbers dij, interpreted as the degree of dissimilarity or the distance between i-th and j-th objects, are given. It is assumed that dissimilarity matrix D = (dij) (i, j = 1, …, N) is a symmet-rical one; by definition, dii = 0 (i = 1, …, N).
Let us give the concise description of the suggested essential algorithm.
At the preliminary stage the neighborhood graph G is constructed (see subsection 2.1), basing on dissimilarity matrix D. At the main stage both formal objects − neighborhood graph and dissimilarity matrix -are used as inputs.
The algorithm of the main stage is determined as a three-level procedure. At the external level (subsection 2.4) several runs of the algorithm of the intermediate level are completed. At every run a family of classifications -candidates for solution of the initial AC problem -is determined. Output of the external stage is a new family of classifica-tions, selected among the above mentioned families. This new family is considered as a complete solution of the initial AC problem.
At the intermediate level one family of classifications is constructed. It is executed by a special Divisive-Agglomerative Algorithm (DAA). DAA description is given in subsection 2.3.
DAA is based on the new algorithm of graph dichotomy (subsection 2.2). It presents the internal level of the suggested classification algorithm of the general three-level procedure of the main stage.
Note, that despite the fact of connectivity of the initial graph, the graph presenting the 2-nd part of the dichotomy can be disconnected.
Intermediate level -DAA.
This subsection is devoted to DAA description. Its flow-chart is shown in Fig. 1 . The neighborhood graph (see subsection 2.1) and dissimilarity matrix together form the input of DAA. Its output will be defined further. The only parameter of DAA is the maximal number k of successive dichotomies. The DAA itself con-sists in alternation of divisive and agglomerative stages. At the beginning the frequency minimax algorithm of graph dichotomy (see subsection 2.2) divides the initial (neighborhood) graph into 2 parts. Let us denote the found classification into 2 classes as D2. Thereafter one of these two subgraphs, whose number of vertices is larger, is divided by the same algorithm into 2 parts that results in classification D3 of the initial set into 3 classes. Classifications D2 and D3 are named the essential ones. Denote them as 2 2 and 3 3 . After entering the next essential classification Dj (j ≥3) to the agglomerative stage the following operations are completed.
Classification Dj into j classes determines the subfamily of classification into j classes (Dj itself), into j-1 classes (obtained by the union of subgraphs, connected by the maximal number of edges), and so on, in correspondence to the convenient agglomeration scheme (successively joining subsets, connected by the maximal number of edges), till to classification into 2 classes. Denote the constructed classifications as , −1 , …, 2 . These classifications are named the adjoint ones.
Let us come back to the divisive stage. Among all the classes of the already constructed classification Dj select the class whose graph contains the maximal number of vertices. Check its connectivity. If it is a disconnected one, add one edge connecting two closest vertices belonging to different components. Continue the same operations till the graph becomes a connected one. Just here initial dissimilarity matrix D is used. Completion of these operations guarantees connectivity of graph in the input of the above considered dichotomy algorithm. Applying the frequency dichotomy algorithm to the selected and modified (if necessary) graph, find two new classes. Together with other classes of Dj (except the divided one) these two classes form new essential classification Dj+1 into j+1 classes. Return another time to agglomeration stage and determine adjoint classifications +1 , …, 2 +1 . Repeating the described steps k times produces the following family of classification:
(1) This family is defined as the output of DAA. Pay attention that some classifications from list (1) can coincide to one another.
External level -repetitive DAA runs.
At the external level DAA is applied to the same initial graph. However, the output of DAA (list of found classifications) in different runs can differ. The matter is that at every step of accumulating stage a pair of vertices that must be connected by a path is selected randomly. It implies that in AC problems, both model and real, output of DAA depends upon the initialization of random generator. More precisely, some classifications at different DAA runs differ one to another, whereas some classifications coincide at the all DAA runs. Just these distinctions allow us to find "correct" classifica-tions. Therefore it is necessary to complete several runs of the same algorithm with the same initial data − otherwise it is simply impossible to find out in one or another actual situation.
From the formal point of view the situation is clear enough. r DAA runs are executed. The output of this level as well as the final output of the suggested algorithm of solution of AC problem is a family of all the different classifications selected among all the classifications found as a result of r DAA runs. This selection is a standard problem, solved by the direct pairwise comparisons. The possibilities of contraction of this family -sometimes up to one "correct" classification -are discussed in subsection 3.4.
3. Comment to algorithm of solution of AC program 3.1. Frequency minimax algorithm of graph dichotomy. Let us start with an historical journey. In the article "Community structure in social and biological networks" [Girvan and Newman, 2002] a new approach to graphs decomposition -and thereby to AC problem -was suggested. Let us describe the essence of the matter, citing the article.
"We define the edge betweenness of an edge as the number of shortest paths between pairs of vertices that run along it. If there is more than one shortest path between a pair of vertices, each path is given equal weight such that the total weight of all the paths is unity. If a network contains communities or groups that are only loosely connected by a few intergroup edges, then all shortest paths between different communities must go along one of these few edges. Thus, the edges connecting communities will have high edge betweenness. By removing these edges, we separate groups from one another and so reveal the underlying community structure of the graph." The formal algorithm for identifying communities is stated in the article as follows.
Girvan-Newman Algorithm 1. Calculate the betweenness for all edges in the network. 2. Remove the edge with the highest betweenness. 3. Recalculate betweennesses for all edges affected by the removal. 4. Repeat from step 2 until no edges remain. It is clear that during the execution of the algorithm every increment (by 1) of the number of connectivity components means division of one of groups into two parts, that is an hierarchical structure of groups (or communities) determined only by an initial graph, is obtained as a result. Betweenness calculation is reduced to determination of shortest paths for all pairs of vertices; it is well known that it is a computationally efficient operation with upper estimation n 2 . Subsequently [Newman, 2004] several modifications of this approach have been suggested, among which the most important are:
 use of random paths (instead of shortest ones) for calculation of edges betweenness;  use of relatively small part of pairs of vertices (instead of all of them) for estimation of edges betweenness;  edge removal based on this estimation.
In this connection instead of the notion "edge betweenness" it seems be more convenient to use the notion "edge frequency" keeping in mind a number of an edge inclusions in constructed paths. Taking into account these modifications, an algorithm of graph division into two parts can be described as follows.
Generalized Girvan-Newman Algorithm 1. Set the current frequency at every edge equal to zero. 2. Choose two vertices of the graph. 3. Find by some method a path between vertices chosen at the previous step. If such a path does not exist, go to step 7. 4. Add 1 to frequencies in all the edges included in the path found at step 3. 5. Under certain conditions return to step 2. The example of such conditions is attainment of a large number of execution of steps 2 -4 or attainment of stochastic stability when the indices of edges with maximal frequency have not been changed for a long time (possibility of different realizations of this step is obvious). 6. Remove an edge with the maximal frequency and return to step 1. 7. Stop. Graph G is divided into two or more connectivity components that correspond to the required classes. It is natural to name the above considered approach as the frequency one, because it is based on calculation of frequencies of inclusion of graph edges into consecutively constructed paths. It can be applied to every AC problem as soon as it is presented by a graph, particularly, by above mentioned neighborhood graph. The obvious drawback of GirvanNewman algorithm (outlined by its authors) is that after removal of an edge with the highest betweenness at step 2 all the accumulated statistics about edges betweenness is deleted and, hence, it is not used subsequent-ly. If it has been possible to save these data for consecutive steps, it could essentially accelerate the algorithm. About this issue in the already cited article [Girvan and Newman, 2002] it is written the following. "To try to reduce the running time of the algorithm further, one might be tempted to calculate the betweennesses of all edges only once and then remove them in order of decreasing betweenness. We find however that this strategy does not work well, because if two communities are connected by more than one edge, then there is no guarantee that all of those edges will have high betweenness -we only know that at least one of them will. By recalculating betweennesses after the removal of each edge we ensure that at least one of the remaining edges between two communities will always have a high value." The same is related to the generalized Girvan-Newman algorithm. However, the dichotomy algorithm, described in subsection 2.2, avoids this trap. The essence of the matter is as follows.
In the previously suggested frequency algorithms paths, connecting a next pair of vertices, are traced independently of all the already traced paths. Yet, taking into account all the already traced paths can obtain cuts between two sets of vertices whose all the edges have the same maximal frequency. Then concurrent removal of all the edges with the maximal frequency defines the desired dichotomy of the graph.
It is turned out that before the execution of step 3.6 of the algorithm (see subsection 2.2) the set of all edges whose frequency is equal to the maximal one, indeed contain a cut of graph G. There is Statement 1. Before execution of step 3.6: a) maximal value of frequency over all the edges of the graph is equal to fmax, where fmax is the number, saved at step 3.1; b) the set of all the edges, whose frequency is equal to fmax, contains a cut of graph G. Proof.
Step 3.2 refers to steps 2.1 -2.3. Finding the next minimax path at step 2, we can encounter one of the following two cases:
1. There is a minimax path, connecting vertices chosen at step 2.1, whose all the edges have frequencies lesser than fmax. 2. Such a path does not exist. In the 1-st case after every addition 1 (at step 2.3) to frequencies in all the edges of the given path their maximal value does not exceed fmax. On the other hand, at least in one edge its frequency increases by 1 and at the same time frequency cannot decrease in any edge. Together it means that after some number t of executions of steps 3.2→3.3→3.4→3.2 at step 2.2 we encounter case 2. At case 2 at any path connecting vertices chosen at step 2.1, there is at least one edge, whose frequency is not lesser than fmax. Because up to now we have encountered only case 1, then, as it was established, all the frequencies do not exceed fmax. Therefore at any path connecting vertices, chosen at step 2.1, there is an edge, whose frequency is equal to fmax. Hence, the set of all the edges whose frequency is equal to fmax, contains a cut of graph G. Addition 1 to frequencies in all the edges of the constructed path at step 2.3 and deduction the same edges at step 3.5 does not changes frequencies, that proves a) and b) and, hence, completes the proof of statement 1. ■ Statement 1 means that in the suggested version of frequency algorithm the necessity of frequency recalculation does not appear. After the only one statistics accumulation the set of edges with maximal value of frequency contains the required cut of the graph.
Figures 2а and 2b demonstrate cases 1 and 2, considered in the proof of Statement 1. The cut itself, of course, depends upon selection of pairs of vertices and distribution of frequencies in edges existing just before the execution of step 3.1. That is the reason of the execution of the cumulative stage, taking the most part of the time. As a result of this stage the required cut became stable in the sense that forming it edges cease to depend upon the number T of the constructed minimax paths. Yet this cut can depend on the initialization of random generator. The presence (or absence) of a dependence of the cut (and, hence, the corresponding dichotomy) upon the initialization of random generator turns out the important feature of the AC problem itself other than the used classification method. It is also important that in opposite to previously known versions of frequency algorithms, the suggested algorithm finds an approximate solution of some graph optimization problem. This solution expresses a reasonable (even if, like in other cases, incomplete) presentation about correctness of classifications. Let us dwell on it in more detail.
Let us consider connections between the considered algorithm and known optimization statements of a balanced cut in a graph. Introduce the necessary notions. Assume N be the number of vertices, M be the number of executions of steps 2.1 -2.3 (but the last one) in the algorithm at stages 2 and 3 together, A and B be any division of the set of graph vertices, d(A, B) be the cardinality of cut (A, B). Note that M is equal to the number of all the constructed paths in the graph and M ≥ Т.
Consider all the paths (among the constructed ones) whose one end belongs to A, and the other end − to B. Then sum S(A, B) of frequencies in all the edges from cut (A, B) is not less than the number of all such paths (denoted as М(A, B)). Indeed, every path increases sum of frequencies at least by one (one, if it intersects cut (A, B) once, whereas some paths can intersect it several times). Because vertices are chosen at random, probability of the fact that one end of a path belongs to A and another to B is approximately equal to (2•|A|•|B|) ⁄N 2 . Therefore for the total number of such paths there is an approximate equality
(2) Assume (for a rough estimation) that any path from А to B intersects cut (A, B) exactly once. Because the number of paths М significantly exceeds the maximal value of initial frequency f, the following rough estimation takes place:
Dividing both parts of this approximate equality by the number of edges in the cut (A, B), we receive It is very important that the suggested algorithm finds cut (A*, B*) whose edges have the same maximal frequency. That means that for any other cut (A, B) (5) and (4) . (6) Let us name the function D(A, B) the decomposition function of a graph. The above reasoning allow to make the following plausible meaningful conclusion: cut (A*, B*), found by the algorithm, approximately maximizes the decomposition function (6) of the considered graph. The fact that in some cases this cut depends upon the initialization of random generator (and for this reason alone it cannot exactly maximize function (6) defining only by the graph itself) just expresses the approximate character of solution of this optimization problem. The corresponding examples are given below in this subsection.
In the above cited review [Luxsburg, 2007] 
the minimization problem R(A, B) = d(A, B)×(
named "Ratio Cut Problem" was considered. Direct comparison of formulae (6) and (7) demonstrates that problems of function D(A, B) maximization and of function R(A, B) minimization (determined on the same set of all cuts of the graph) are equivalent ones. Therefore the suggested frequency algorithm can be used for approximate solution of this well-known "Ratio Cut Problem". Moreover, it is an efficient approximate method for this purpose. Yet the essential question, concerning this NPcomplete decomposition problem, does not consist in finding its approximate solutions. It rather can be stated as follows: is it true that the exact solution of the above optimization problem (found by any way) can be considered as an intuitively correct dichotomy? Of course, this question is meaningful and it can be answered only by examples. Several successful examples of correct dichotomies, found by the suggested frequency algorithm, are presented in preprint [Rubchinsky, 2010] . But it is not necessarily the case for arbitrary AC problems.
Just the last circumstance has initiated the elaboration of the general AC algorithm described in this work, in which the suggested algorithm of dichotomy is used as an essential step at the divisive stage (see subsection 2.3). In order to explain the necessity of more thorough analysis the following example is considered.
Example 1. Two two-dimensial sets are shown in Fig. 3a and 3c. The dichotomy result for the set of Fig. 3a is shown in Fig. 3b . The cut, found by the frequency algorithm, maximizes the decomposition function (6) over the set of all the cuts of the neighborhood graph and determines intuitively correct classification into two classes. It is reasonable that the same cut minimizes function (7). The result does not depend upon initialization of random generator. At the same time the use of the same algorithm for the similar set, shown in Fig.3c , leads to results, perceptibly depending upon an initialization of random generator, as it is clear from Fig. 3d , 3e, and 3f. In these cases the found solutions do not coincide with intuitively obvious one. Finally, the value of decomposition function for the correct cut is equal to 31549, whereas for the incorrect cut, found by the frequency algorithm and shown in Fig. 3d , it is equal to 40382. In two other cases this function also is essentially greater, than its value on the correct cut. Note, that we are dealing with exact but not approximate values of decomposition function. This simple example another time underlines the caution, which is required in using well-accepted balanced criteria of classification (as well as other formal models of classification).
The cause of failure of criteria (6) in the considered case is clear enough. The ratio between the maximal and the minimal numbers of points, belonging to correct classes, in the set in Fig. 3c is essentially greater than in the set in Fig. 3a . Therefore the numerator |A|×|B| in (6) is so small relatively to the cardinality of product of approximately equal parts, so that it cannot be compensated by the denominator in (6) equal to relatively small number of edges in the correct cut. The same phenomenon concerns (and even to a greater extent because it is revealed under lesser relation of cardinalities) to other frequency algorithms of dichotomy. ■ Taking into accounts results of tens computational experiments with different data, we reached the following informal conclusions.
1. The exact solution of the well-known balanced cut problem (and, hence, spectral and kernel methods that approximate this solution) can lead to intuitively wrong classifications in many relatively simple cases.
2. All the stochastically stable dichotomies found by the suggested frequency algorithm are intuitively correct; they maximize criterion (6).
3. All the stochastically unstable dichotomies found by the suggested frequency algorithm are intuitively incorrect; values of criterion (6) exceed its value on the "correct" cut.
Yet the notion of dichotomy stability itself is not the exactly defined one. Between obviously stable and obviously unstable situations there is some "gray zone" of weak instability. Analogously to many situations of such a kind, encountering in various domains of pure and applied mathematics, these intermediate situations in some sense are inevitable, while the most important and intriguing phenomena occur just in such intermediate zones. These reasons do not only initiate but in some sense warrant the suggested approach to AC problems, because it does not only explain but uses in the algorithms instability of classifications.
In summary of this subsection let us note that the only parameter of the frequency algorithm -number T of paths at the accumulating stageis not the essential one. Parameter T can be removed, if calculations ceases at reaching stability, i.e. selection of the same cut. If the objects number does not exceed 1000, typical value of repetitions is 1500 -2000. As noted above, this cut itself can depend upon initialization of random generator, which determines initial values of frequency as well as the sequence of random minimax paths.
Intermediate level -DAA.
In order to keep strong properties of the suggested method of dichotomy and to be got rid of its weakness it is natural to consider consecutive dichotomies. For instance, the use of the same algorithm for the maximal (in number of points) of two classes, shown in Fig. 3d , results in classification into three classes, shown in Fig.  4 . If now to pool two classes, connected by the largest number of edges, then just the correct classification is obtained. DAA from subsection 2.3 just describes consecutive operations, required to obtaining correct classifications in the general case. Fig. 5b , 5c, 6 and 5d, correspondingly. Pay attention that the correct classification is the adjoint one. It cannot be an essential classification after any number of consecutive dichotomies. It cannot be found as well as a result of agglomerative procedure, starting with oneelement or little classes, because rings 1 and 0 + 2 (Fig. 6 ) cannot be constructed by pooling of closest classes. In DAA just the alternation of divisive and agglomerative stages is especially important. ■ 3.3. External level -repetitive DAA runs. At this stage results of several DAA runs for the same neighborhood graph are considered and compared one to another. Let us consider the encountered situation for the AC problem from example 2.
Example 3. Assume (for visibility of illustration) the number of runs r = 4. In Fig. 7 results of 4 runs for essential classification 3 3 are shown (see also Fig. 5c ). All the 4 found classifications are the different ones.
It is easy to understand that in the same run essential classifications 4 4 are differ of the classifications shown in Fig. 7 only in presence of another class in the center (see also Fig. 5d ). This implies that all these four classification also are different ones. At the same time essential classification 2 2 and adjoint classification 3 4 found at all the runs coincide with classifications shown in Fig. 5b and Fig. 6, 3.4. Contraction of classification family. In many AC problems, partially, in all the model examples considered in preprint [Rubchinsky, 2010] , the only correct classification was determined simply enough. A stable (i.e. repeating in all the runs) classification with the maximal number of classes turns out to be the intuitively correct one. In examples 2 and 3 such a classification is shown in Fig. 6 . Growth of runs number r and dichotomies number k nothing changes -no one new stable classification arises, while found classification remains stable. Therefore in such simple situations choice of parameters r and k can be done adaptively, notifying stable classifications and ceasing calculations, if new stable classifications with greater number of classes do not arise.
Yet in real AC problem the situation proves to be another one. Only "degenerated" classifications are the "absolutely" stable, i.e. repeating completely in all the DAA runs. Classifications are named degenerated if they include one-or two-elements classes. Found meaningful classifications are not absolutely stable: in different runs they coincide, for instance, by 99% but not by 100%.
In order to analyze such situations it is supposed to introduce reasonable criteria, which characterize single classifications. Two criteria are considered as the essential ones: stability and number of classes.
Stability is understood here as a degree of repeatability of a classification under different runs. From the formal point of view the situation is rather simple and well-known. To compare two classifications of the same set RAND index (see, for instance, [Mirkin, 2006, subchapter 7.3] ) is used. It is define as follows. Assume φ(i, j) = 1 iff (if and only if) i-th and j-th elements are included in one class in both classifications or i-th and j-th elements are not included in one class in both classifications. In all the other cases φ(i, j) = 0. Function φ(i, j) is summing up over all the pairs of non-coinciding i and j; thereafter the sum is divided by the number of all such pairs. The obtained value is equal to 1 iff both classifications completely coincide. This value is named RAND index and denoted by R (A, B) , where A and B -two classifications of the same set.
Thereafter for any family F of classifications, taken by one from every run, the concordance of the family:
Finally, stability s(A) of classification A is defined as the maximal concordance of family F, contained A. Under the introduced definitions calculation of any classification can be executed by computationally efficient greedy algorithm. Stability s(A) of classification А is equal to 1 iff it is completely repeated in all the runs. The number of classes is a clear criterion, which, of course, does not require any calculations. The other criteria depend upon a specific AC problem.
In many cases the set of all the classifications found by the suggested algorithm can be notably contracted, if among several close (i.e. with pairwise RAND index close to 1) classifications to select only one by the elimination of several degenerated classifications with the greater number of classes. It is expedient to take the number of classes into account after this operation. The alternative approach consists in use of the criterion of uniformity of a classification (ratio between maximal and minimal cardinality of classes in this classification).
The final choice of a single classification among several ones found by the suggested approach, like in other multi-criteria problems, remains to decision-maker.
The material of the present subsection has a preliminary, "sketch" character. The importance of this issue requires the special consideration, including specific examples and conclusions. However, one thing can be stated with certitude. Reasonable solution of real AC problems can be obtained using an interactive computer system, including computational algorithms as well as means of presentation, analysis and visualization of results, which take into account specifics of a considered problem.
Complexity of AC problems
Analyzing AC problems it is useful to have some objective indices, describing their complexity, entanglement, and other hardly defined properties. These indices must be relevant to arbitrary AC problems rather to its special types.
In the presented work such an index is suggested. It concerns the number of classifications in the set of all the solutions of an AC problem, defined at the end of subsection 2.4. Yet this number depends on the number k of dichotomies in DAA and of number r of DAA runs. It is easy to see that the general number of classifications, considered at the external level of the algorithm, is equal to In the AC problem from Examples 2 and 3 for k = 3 and r = 4 there are 10 different classifications. Dividing 10 to 24 = 4 * 3 2 * 4, we receive 0.417. This is the complexity (in the introduced sense) of the considered AC problem. As in some other domains of discrete mathematics, the introduced notion of complexity of an AC problem is not defined through its initial description but through one specific method of its solution. Therefore the only approach to substantiation of the introduced notion consists in possibility of its meaningful interpretation in actual AC problems.
This issue is considered in the next section.
Analysis of voting in 2-nd, 3-rd and 4-th RF Duma
In this section activity of State Duma during the period since the beginning of 1996 till the end of 2007 is considered. Many important political events had happened during this 12-year period. And yet, it seems that the separate events were not as important as the process of building of still actual system of political power itself.
Mathematical models of political processes in the first four Duma were considered in detail in the monograph [Aleskerov et all, 2007] and in cited where literature.
For every separate month of the considered period all the votes are considered. To every i-th deputy (i = 1, 2, …, m) a vector vi = ( 1 , 2 , …, ) is related, where n is the number of votes in a given month. Note, that the number m of deputies, though slightly, changed from period to period. Of course, at every moment the number of deputies is always equal to 450. Yet during 4 years some deputies dropped out while the other ones came instead. The number of deputies participated in Duma voting activity in 1996-1997 was equal to 465, in 1998-1999 -to 485, in 2000-2003 -to 479 and in 2004-2007 -to 477 . Assume = { 1, if i-th deputy voted for j-th proposition; −1, if i-th deputy voted against j-th proposition; 0, otherwise (abstained or not participated). Dissimilarity dst between s-th and t-th deputies is defined as usual Euclidian distance between vectors vs and vt. The dissimilarity matrix D = (dst) is the initial one for finding deputies classes by the method, described in section 2.
The following Tables 1, 2 and 3 present the complexity of corresponding classifications for every month of the voting activity of 2-nd, 3-rd and 4-th RF Duma. The numbers in the 1-st column are the dates (year and month). The numbers in the 2-nd column are equal to the number of votes in the corresponding months. Numbers in the 3-rd columns are equal to complexity of the corresponding AC problem, calculated following the definition of this notion in section 4. Here the number k of consecutive dichotomies is equal to 10, the number r of DAA runs also is equal 10, so that the maximal number ( +1) * 2 * of classifications is equal to 550. Some reasons, concerning choice of these essential parameters, are discussed The numbers in the 3-rd column in Table 1 -3, i.e. complexity of classifications based on voting results, demonstrate noticeable variability, though some trend are seen at once, by "unaided eye". Smoothed data, i.e. average value for half years, thereafter for years, and, finally, for whole period of every Duma activity, are presented in Table 4 . Table 4 Smoothed complexity data It is curiously to compare the data presented in Table 4 with the averaged for every year stability index for the 3-rd Duma [Aleskerov et al, 2007] . These data, calculated using materials from the above cited book, are presented in Table 5 . Table 5 Stability index in the 3-rd Duma Maximally possible value of stability index is equal to 1, minimally possible value is equal to 0. In contrast to the complexity data, which has a clear-cut minimum in 2002, stability index does not reach the maximum in this year. Perhaps it happens because stability indices were found basing on votes concerning only politically important issues, while in the present work all the votes are used. The used method itself was based on other reasoning, described in detail in the cited book.
It seems that low value of complexity in 2002 was due to creation of party "United Russia" and connected with this event attempts of Duma 2 Duma 3 Duma 4 0.418 0.147 0.235 straightening out the activity of Duma. It is surprising -at first sight -that in the 4-th Duma in the condition of constitutional majority of this party the level of complexity is noticeably higher than in the 3-rd Duma (0,235 opposite to 0,147), in which no party had majority. One-month deputies classifications, found in order to filling Tables 1 -3, let us to conduct a special investigation. An interest is attracted to correspondence between classes and deputies' fractions, dynamics of onemonth classes changes, location of maximums and minimums and their connection with essential political events (such a connection was considered for one-month stability index in [Aleskerov et al, 2007] ).
As it was marked above, value of complexity depends upon the parameters k and r of the essential algorithm. Let us consider this dependence in more detail. In order to do it, we calculated complexity for k and r, changing from 5 to 10 inclusive. Tables 6, 7 and 8 contain values of complexity, calculated under parameters, changing within indicated limits, for 3 months: May, 1996; June, 2002, and February, 2005 . These periods are related, correspondingly, to 2-nd, 3-rd and 4-th Duma; complexity has high (more 0.9), low (less 0.1) and middle (about 0.4) values. Table 6 Dependence of complexity on algorithm parameters for May, 1996 In Tables 6 -8 numbers in right bottom corner coincide with complexity values in the corresponding period. Convergence in every column is well appreciable that is completely naturally, because averaging is done over increasing number of runs of the same algorithm with the same initial data (neighborhood and dissimilarity matrices), differing only in random generator initiation. Numbers in rows slightly more variable, though in the considered limits any visible outliers are not presented. It is clear that in the 1-st and 3-rd cases minor variations of the chosen parameters results remain almost permanent ones. They can be used in order to achieve stable complexity values, satisfying practical needs. In the case of low complexity value (Table 7) it seems of expedient to increase parameter k in 1-2 units to achieve a reasonable stability.
Generally it is reasonably to modify the suggested definition of complexity of AC problem through addition of adaptability in calculation of parameters k and r, stopping by reaching a stable complexity value. It is supposed to consider this issue in the further investigations, though it should be mentioned that significant problems are not expected here.
The comparison with one other method of analysis of stability of political body was mentioned above in this section (see Table 5 ). It is supposed to consider these issues in more detail in a separate publication, especially concerning analysis of voting activity of political bodies, including RF Duma during its several convening.
Comparison of suggested method of solution of the general AC problem with other the most known approaches was done in the preprint [Rubchinsky, 2010] . Yet the comparison there was done only for model AC problems. It is interesting to compare results for considered in this section real data on voting in RF state Duma. Let us consider as an example the classification, based on voting in May, 2001 by one of the most known method -method of K-means. This method is described in book [Mirkin, 2010, p. 252] as follows.
"In general, the cluster finding process according to K-means starts from K tentative centroids and repeatedly applies two steps: (a) collecting clusters around centroids, (b) updating centroids as within cluster means, -until convergence. This makes much sense -whichever centroids are suggested first, as hypothetical cluster tendencies, they are checked then against real data and moved to the areas of higher density."
Assume the number of clusters is equal to 4. This number is determined by meaningful reasoning -in the 3-rd Duma 10 deputies' fractions and groups were presented, and therefore selection of 4 classes is expected. This does not mean that larger number of classes is impossible. The matter consists in the simple fact: union of several stable classes forms a stable class, too. At the same time the division into 4 classes is visible enough.
5 different classifications, found after 5 random determination of 4 initial centroids, are presented below. Remember (see Table 2 ) that objects are vectors with 248 components (value 1, −1 and 0). The first 4 numbers in every shown below classification are the initial centroids in K-means method. Every class is preceded by its cardinality. The number of steps is equal 1000, though convergence is reached after 200-300 steps. Note that some classes are found by both methods. Yet the stability of classifications, found by the suggested algorithm, significantly exceeds the stability of classifications, found by K-means methods, for the same AC problem. This directly noticeable fact is established exactly by the algorithm of stability calculation of a classification family, considered at the end of subsection 3.4. Pay attention to practical absence (in 4 cases among 5 ones, found by K-means method) of classes, containing more than 200 objects, while such classes are present in all the classifications found by the suggested algorithm. The essence of the matter if not is proved but is illustrated by the example from preprint [Rubchinsky, 2010] , where the application of K-means method for the set of points, shown in Fig. 8 , is presented. It is clear that this method cannot work in similar situations, which cannot be a priori excluded in real AC problems. At the same time in the construction of classifications based on voting results, such nonuniform case are occurred frequently enough.
Instability of classifications, found by K-means method, is detected as well in the other checked periods, particularly, in February, 2005 and April, 1996. In order to resume the present section it should be remarked the following. The notion of complexity is relevant to arbitrary AC problems, whose solutions are considered as partitions of the initial set of objects. This Fig. 8 . K-means method for the model example notion itself does not bear any meaningful load. Some AC problems from preprint [Rubchinsky, 2010] are complex ones in the above sense, despite their solutions are intuitively obvious. In examples 10 and 11 from the same preprint solutions are not obvious ones, while their formal complexity is low enough. Yet for some types of AC problems the notion of complexity can acquire a special interpretation. For analysis of political bodies making collective decisions by voting, the complexity corresponds to inconsistency, incoordination, irrationality of politics -independently of presence or absence of majority of some deputies' group, even if all the members of every fraction vote similarly. For "tossing" deputies or ⁄ and whole fractions the corresponding classes become poorly distinguished and partially perplexing that results in relatively high value of complexity of their classifications.
Thus, the complexity is not defined by the results of separate votes, but rather by the set of all such results. The situation slightly likes the definition of choice functions, whose properties are not determined by the separate results of variants choice, but rather by interrelations between choices from various presented subsets of a given general set.
Conclusion
The main goal of the presented work consists in introducing of new notion of AC problem complexity and to its use in analyzing political processes. Many important issues concerning AC problems are not considered in the presented work -first of all from lack of the room as well as my disinclination to overloading the exposition. It is supposed to consider these issues in next publications. Some topics were mentioned above in subsection 3.4. The other ones are briefly mentioned below.
1. It is supposed to analyze voting results basing on AC in more detail, in RF Duma as well as in the other political bodies, in a special publication.
2. It is supposed to apply the suggested approach to stock market analysis, considering changes of complexity of constructed classifications in an attempt to predict some events.
3. Determination -even if the experimental one -of stochastic characteristics of considered classifications can allow us to obtain more exact and reliable estimations of the considered indices. It is supposed to be done in further investigations.
4. It is desirable to elaborate an adaptive modification of the suggested AC algorithm for determination its essential parameters k and r. In particular, complexity calculation can be accomplished under different values of these parameters even for AC problem from the same family (for instance, analyzing voting results in one body in different periods).
5. Informal character of AC problems requires design of a special interactive computer system, as it was mentioned in subsection 3.4. In the framework of such a system it will be possible to change algorithm details, visually present results, and, finally to make final choice of classifications.
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